Background: Early identification of people at risk of functional decline is essential for delivering targeted preventive interventions. Objective: The aim of this study is to identify and predict trajectories of functional decline over 9 years in males and females aged 60-70 years. Methods: We included 403 community-dwelling participants from the InCHIANTI study and 395 from the LASA study aged 60-70 years at baseline, of whom the majority reported no functional decline at baseline (median 0, interquartile range 0-1). Participants were included if they reported data on ≥2 measurements of functional ability during a 9-year follow-up. Functional ability was scored with 6 self-reported items on activities of daily living. We performed latent class growth analysis to identify trajectories of functional decline and applied multinomial regression models to develop prediction models of identified trajectories. Analyses were stratified for sex. Results: Three distinct trajectories were identified: no/
. Conclusion: Already in people aged 60-70 years, 3 distinct trajectories of functional decline were identified in these cohorts over a 9-year follow-up. Predictors of trajectories differed between males and females, except for gait speed. Identification of people at risk is the basis for targeting interventions.
Introduction
The aging of western society has led to increased attention for healthy aging and preventing age-related diseases and decline in functioning [1] . Functional decline is characterized by an increased inability to perform basic activities of daily living (ADL), such as dressing and toileting, and jeopardizes independence [2] . Besides individual variability in the onset of limitations in functioning, progression of decline over time differs between individuals [3] .
Functional decline may be postponed through enhancing or maintaining an active lifestyle at an earlier stage in life, before the decline is initiated [4] . However, prior studies on understanding the course of functional decline have been performed in older populations with a majority of people well above 70 years of age, in whom functional decline was often already present [5] . By focusing on a younger cohort of older people, we will be better able to identify distinct subgroups in the population who may be target groups for preventive interventions.
It is increasingly recognized that trajectories of functional decline over time provide more information on distinct subgroups in the population, each with their typical course, than studying merely the onset of limitations in functioning [3] . Prior studies on trajectories of functional decline during various stages of the aging process have identified up to 8 different trajectories [6] [7] [8] [9] [10] . One study in 65-to 85year-olds identified 3 distinct trajectories over 10 years: one including people with substantial decline at the age of 65 years, one including people who gradually started to decline at the age of 65 years with increased progression from the age of 75 years, and one including people who did not decline until above 80 years [8] .
To identify those people at risk of functional decline who are target groups for delivering preventive interventions, we need insight into which individual characteristics predict distinct trajectories of functional decline. The aforementioned studies focused on sociodemographic characteristics and chronic diseases as predictors of the trajectories [4, 6] . Other longitudinal studies have shown that deterioration in several physical performance measures also predicts the onset of limitations in ADL in older people [11] [12] [13] . Studying a broad range of predictors, including physical performance measures, can provide clinicians insight into the most sensitive parameters for predicting change in functional performance.
Therefore, we aimed to identify and predict trajectories of self-reported functional decline over 9 years of follow-up in males and females aged 60-70 years at baseline, with potential predictors covering sociodemographic, lifestyle, physical performance, and clinical measures.
Methods

Study Sample
This study included data from 2 cohort studies. The first cohort is the Invecchiare in Chianti study (InCHIANTI), an on-going population-based study in a representative sample of 1,453 community-dwelling Italian adults [14] . Participants were sampled from 1 urban and 1 rural municipality in Tuscany, Italy, based on age strata. The first measurement cycle was completed in 1998-2000 and follow-up cycles were 3 years apart.
The second cohort is the Longitudinal Aging Study Amsterdam (LASA), an ongoing study in a representative sample of 3,107 community-dwelling Dutch older people [15] . Participants were selected from population registries in 11 municipalities (urban and rural) in the west, north-east, and south of the Netherlands, and the sample was stratified for age, sex, and urbanization level. The first measurement cycle was completed in 1992-1993 and subsequent cycles were 3 years apart.
We included data from participants aged 60-70 years at baseline who participated in the first cycle in InCHIANTI (n = 403) and the second cycle in LASA (n = 395), and who provided data on functional ability during ≥2 of 4 measurement waves (n = 572 reported data on 4 measurement waves, n = 141 on 3 measurement waves, and n = 85 on 2 measurement waves). Online supplementary Table 1 (see www. karger.com/doi/10.1159/000485135 for all online suppl. material) presents descriptive statistics of both cohorts.
Functional Decline
Longitudinal data on self-reported items on functional ability for 4 measurements (across 9 years of follow-up) were used as outcome measure. Following harmonization procedures from a prior international collaboration [16] , we selected only items that overlapped in both cohorts to create a comparable assessment of functional decline. This resulted in harmonization of 2 items on basic ADL and 4 items on instrumental ADL (see Table 1 for details) [17, 18] .
The 6 items have shown to be well associated with fractures [19] , recurrent falls [20] , and dementia [21] . Items were recoded to create a score ranging from 0 to 3. We summed scores on the 6 items to a total score ranging from 0 (no decline) to 18 (maximum decline).
Potential Predictors
Variables considered as potential predictors were measured at baseline. Sociodemographic variables considered as potential predictors included age, marital status, living status, occupational status, educational level, and economic satisfaction. Physical performance measures consisted of balance, chair stands, gait speed, handgrip strength, fall history in the previous year, and fear of falling. Lifestyle variables included self-reported physical activity, smoking behavior, and alcohol intake. Clinical variables were body mass index (BMI), waist circumference, blood pressure, self-reported chronic diseases, medication use, cognitive functioning [23] . Online supplementary Table 2 provides an overview of the measurements in both cohorts and the harmonized variables.
Statistical Analysis
The primary analysis consisted of a pooled analysis combining both cohorts. All analyses were stratified for sex, since prior research has shown that the development of functional decline and physical capacity over time differs between men and women, which may result in different trajectories and/or predictors [9] . To identify distinct trajectories of functional decline across 9 years of follow-up, we applied latent class growth modelling (LCGM).
LCGM is a technique to analyze heterogeneity over time by identifying k number of distinct latent trajectories [24] . Since the scoring of functional decline showed floor effects at baseline (i.e., a majority of participants reported no/few difficulties), we assumed data to have a truncated normal distribution.
To determine the optimal number of trajectories, a common forward approach was applied starting with a model with 1 trajectory. Subsequently, one trajectory at a time was added and the shape of the trajectories was modelled by adding linear and quadratic terms. After each step, we assessed model fit by several criteria [25] : (1) Bayesian Information Criterion (BIC) with a decrease of ≥10 points recommended as an improvement in model fit [26] ; (2) average posterior probabilities of trajectory membership, which should be as close to 1.00 as possible, with >0.80 recommended [27]; and (3) clinical interpretation and size of the obtained trajectories. Participants were allocated to their best fitting trajectory based on the highest posterior probability. LCGM was performed in Mplus version 7 (Mplus Development Team, Los Angeles, CA, USA) [24] .
Subsequently, a clinical prediction model was developed for the identified trajectories of functional decline. Since the outcome of trajectory classification from the LCGM analyses was polytomous, we used multinomial logistic regression in which associations between predictors and each of the classes are simultaneously compared with 1 reference class [28] . First, in a complete-case analysis, analyses were performed for all potential predictors separately to check model assumptions. Considering differences in baseline values between both cohorts, the models included a dummy variable as cohort index [29] .
Next, we fitted multiple regression models to identify independent predictors. Only variables with p < 0.20 on the Likelihood Ratio Test in the univariate analyses were selected. Multicollinearity was first assessed with Spearman's correlation coefficient and considered present if r ≥ 0.40. In case of multicollinearity, the variable with the highest predictive value was included in the model. We excluded the variables chair stands (multicollinear with gait speed) and marital status (multicollinear with living status) from the models. Models also included a dummy variable for cohort [29] . We applied a stepwise backward procedure to select the best reduced model in terms of number of predictors, with p < 0.05 as criterion. To assess if it was correct to pool both cohorts, we checked heterogeneity of effects across the cohorts by including an interaction term for cohort for each predictor separately in the final models (predictor*cohort). We considered heterogeneity present if the interaction term showed p < 0.10 [30] .
A well-known problem in prediction research is overfitting, which may lead to overly optimistic regression coefficients when applied to a new population. We adjusted regression coefficients in the final models for possible optimism with a heuristic shrinkage factor, making the coefficients more conservative [31] . Overall model performance was assessed with adopted Nagelkerke's R 2 and the Hosmer-Lemeshow test as index for goodness-of-fit [31] . We further examined calibration plots on agreement between observed and predicted outcome probabilities for each trajectory and computed the ratio between expected and observed values [32] . A ratio above 1 indicates an overestimation of the predicted risk group, while a value between 0 and 1 indicates an underestimation. The ability to discriminate between trajectories was assessed with area under the receiver operating curve (AUC), where one trajectory was compared with the others [28] . All analyses were conducted in R for Windows version 3.2, using the "nnet" package (R Development Core Team, R Foundation for Statistical Computing, Vienna, Austria).
Results
We included data from 369 males (baseline age 67.4 ± 2.1 years) and 429 females (baseline age 67.5 ± 2.1 years). The optimal model from LCGM revealed 3 distinct linear trajectories as the best solution for both males and females (Fig. 2) . The largest subgroup (n = 219 males; n = 241 females) was characterized by little functional decline over time and was labelled "no/little decline." The second subgroup showed some functional decline at baseline (males, median 1, IQR 0-1; females, median 1, IQR 0-2) and showed gradual further decline and was labeled "intermediate decline" (n = 114 males; n = 158 females). The smallest subgroup consisted of people who already showed substantial functional decline at baseline (males, median 3, IQR 1-5; females, median 5, IQR 4-8) and further declined (n = 36 males; n = 30 females). This subgroup was labeled "severe decline." Table 2 presents the baseline characteristics for each subgroup. Trajectories for the individual participants are presented in online supplementary Figure 1 .
In males, the final model included gait speed, fear of falling, and alcohol intake as independent predictors of the trajectories of functional decline (univariate analyses of potential predictors were performed to select variables for the multiple regression models, see online suppl. Table 3). Higher gait speed was associated with lower risk of being classified in the intermediate or severe subgroup. People reporting fear of falling showed an increased risk of being classified in the unfavorable subgroups, while alcohol consumption showed an increased risk of the intermediate subgroup but decreased risk of the severe subgroup (Table 3) . We found a significant interaction for gait speed with cohort in males (p = 0.002), but since gait speed showed a protective effect in both cohorts in separate analyses we did not stratify for cohort. After shrinkage, Nagelkerke's R 2 for the final predictors together was 0.19 (for gait speed alone, R 2 = 0.15). The AUC ranged from 0.63 to 0.79 (Table 4) Table 4 for expected/observed ratios and online suppl. Fig. 2 for calibration plots). In females, the final model included age, living alone, economic satisfaction, tandem stands, gait speed, physical activity, BMI, and cardiovascular disease as independent predictors of trajectories of functional decline. Table 3 shows that all predictors were associated with increased risk of being classified in the intermediate or severe subgroups, except for living alone, moderate physical activity levels, and higher gait speed. Risk of being classified in the severe subgroup was lower for females living alone and those having moderate physical activity levels. Higher gait speed was associated with a lower risk of being classified in the unfavorable subgroups. None of the predictors showed a significant interaction with cohort. After shrinkage, the final model in females showed Nagelkerke's R 2 of 0.46 (for gait speed alone, R 2 = 0.24), and the AUC ranged from 0.74 to 0.95. The HosmerLemeshow test showed good calibration with a p value of 0.328 (Table 4) , and 71.7% of females were correctly classified. The calibration plots and expected/observed ratios indicated an underestimation of females classified in the intermediate and severe subgroups (Table 4 ; online suppl. Fig. 2 ).
Discussion
Based on data from 2 population-based cohorts, we identified 3 distinct trajectories of functional decline across 9 years in young older males and females: 1 subgroup with no/little decline over time, 1 with intermediate decline, and 1 with severe decline. Prediction models identified different predictors in males and females for being classified to the unfavorable subgroups, except for gait speed. The prediction models showed satisfactory discrimination between the 3 subgroups, this was similar in males and females.
Most prior research on trajectories of functional decline has focused on older populations, in which a substantial proportion of people with decline is expected [6] [7] [8] . We showed that even in a relatively young older population, distinct trajectories for risk of functional decline can be identified. Despite classification of the majority of our younger population in the subgroup with no/little predicted functional decline over time, a fair proportion of people already suffered limitations in functioning at baseline which progressed over time. The characteristics of these subgroups resemble the findings of Martin et al. [8] in 9,471 people aged 65-85 years and those of Liang et al. [33] in 18,486 people aged 50 years and older, who found comparable low, intermediate, and severe subgroups. In contrast, Kok et al. [10] , who analyzed trajec- tories of functional decline across 16 years in 2,185 LASA participants aged 55-85 years, identified 4 trajectories for males and 5 for females [10] . Inclusion of more participants, a wider age range, and development of functional decline over a longer timespan may result in different intermediate trajectories, compared to the intermediate trajectory we observed. Participants in the subgroup of the severe trajectory in our study already started with limitations and showed a steeper slope of the trajectory than the other subgroups, indicating a quicker deterioration. This finding was also observed in the older participants in the study by Martin et al. [8] and may suggest that once people experience some limitations in their functional ability, the decline will continue to progress at a faster rate.
Although the trajectories that we identified in males and females showed similar patterns, predictors differed across both sexes. In males, gait speed, fear of falling, and alcohol intake were independent predictors of the trajectories, while predictors for females were age, living alone, economic satisfaction, tandem stands, gait speed, physical activity, BMI, and cardiovascular disease. In their sample of 65-to 85-year-olds, Martin et al. [8] identified clinical conditions as important predictors (i.e., chronic diseases, BMI, cognition) rather than sociodemographic variables. The older population is a likely explanation for this discrepancy with our findings. Most prior prediction models focused on predicting the onset of functional decline and consistently revealed age as an important predictor [34] [35] [36] . In our study, age was only a predictor in females and not in males, which is probably due to our restricted age range. Further comparison is difficult, since predicting the onset of functional decline at one point in time differs markedly from predicting the course of functional decline. Distinguishing different trajectories of functional decline over time is particularly relevant, since people developing more severe functional decline may particularly benefit from preventive interventions to postpone the progression.
Predictors differed for males and females, but interestingly, higher gait speed was a protective predictor in males and females. In both sexes, higher gait speed was associated with the favorable subgroups of no/little functional decline. Low gait speed is a well-established predictor of disability at later age [11] and mortality in people older than 65 years [37] . Our findings indicate that this predictive effect of gait speed is consistent across both sexes, thereby confirming the results of the Health ABC study [38] , where a low gait speed (<1.0 m/s) predicted incident mobility limitations in males and females alike. Moreover, in our cohort of people aged 60-70 years, gait speed was shown to be an important predictor for functional decline already at a younger age. A recent study in a late-mid-life population showed that the predictive effect of gait speed on mortality is also irrespective of age [39] . Since gait speed accounted for the largest part of explained variance in our prediction models, our study confirms the importance of gait speed compared to other variables in predicting clinical outcomes in young older people [11] . It has been shown that changes in gait speed can already be detected from the age of 40 years, if more challenging tasks such as the fast speed task are used [40] . This underscores the potential of gait speed assessments for targeting preventive strategies, even in a young older population.
To our knowledge, this study was the first to identify latent subgroups of increased risk of functional decline in a young older population confined to people aged 60-70 years, a primary target group to initiate preventive interventions. We were able to harmonize two complex databases of ongoing population-based cohort studies and, using sophisticated statistical approaches of LCGM and prediction modeling, we could classify young older people in subgroups of risk for developing functional decline. Nevertheless, several limitations deserve further discussion. First, modeling subgroups with LCGM depends on the variation within the data. Although trajectories were comparable across InCHIANTI and LASA, the number of participants in the severe subgroups was rather low. Therefore, replication of the identified trajectories in other cohorts is needed for validation. Second, our included sample might not be representative of the general population aged 60-70 years due to a comparatively low number of people aged 60-64 years. Third, availability of data for harmonization restricted the number of items we could use to assess functional decline. Although the summary score we computed has shown to be a valid measure of functional performance in prior studies [19] [20] [21] , comparison of the summary score with validated instruments to assess (instrumental) ADL is warranted. Fourth, with the low number of participants classified in the severe subgroups and the high number of potential predictors, there is a substantial chance of overfitting in our prediction models [41] . Finally, the calibration plots revealed that the applied shrinkage to correct for optimistic estimates might have been too restrictive. External validation in this specific age group of young older people is needed to confirm our findings in a representative sample and estimate the calibration and discrimination in new populations, before applying the prediction models in clinical practice for early identification of those at risk of functional decline in later life. Although we consider it too early to present a risk score to estimate individual risks, our presentation models do provide valuable insight for clinicians on predictive factors of functional decline in young older people, underscoring the importance of gait speed as a predictor in both males and females.
In conclusion, even in young older people aged 60-70 years, 3 distinct trajectories of functional decline across 9 years of follow-up can already be identified. Although the
